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Abstract 
Poverty is one of the worldwide and key issues concerned by governments and international organizations. Chinese rural 
poverty was massive poverty caused by universal factors such as underdeveloped national economy and lack of related institution 
and policy in the past, instead, now has shown “point-scatted” distribution due to special regional environment, backward 
production conditions and low population quality with the long-term efforts. In addition to the impact of economic and social 
factors, natural condition is also one of the main factors restricting the incidence of poverty in rural areas. In this paper, spatial 
statistical analysis and GIS are combined to analyze the patterns and factors of spatial poverty distribution of Xianfeng County, a 
key country from national contiguous special poverty-stricken areas in China. Two indexes representing extend and depth of 
poverty, poverty headcount ratio and the per capita net income of poverty population, were used to analyze spatial poverty 
distribution based on the spatial autocorrelation method. 
 
© 2015 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of Spatial Statistics 2015: Emerging Patterns committee. 
Keywords: poverty; spatial distribution patter; influencing factors 
 
 
* Corresponding author. Tel.: 0086-010-65910066/3007; fax: +0-000-000-0000 . 
E-mail address:chenxiwei1980@126.com 
15 Published by Elsevier B.V This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of Spatial Statistics 2015: Emerging Patterns committee
83 XiWei Chen et al. /  Procedia Environmental Sciences  26 ( 2015 )  82 – 90 
 
1. Introduction 
Poverty is worldwide problem long plagued humanity, but also governments and international organizations long-
term concerned. In 2002, the United Nations start "Millennium Development Goals", the first one is the "eradication 
of extreme poverty and hunger" in the eight goals (United Nations, 2011). There are many causes of poverty have 
been illustrated by a large number of literature. In addition to the causes from national or regional level, such as the 
economy, infrastructure, education, environment, social factors, racial discrimination, natural disasters, war, 
government corruption and chaotic management, the individual factors, such as poor health, drug addiction, single 
mother, may cause poor (Kotler and Lee, 2009). Therefore, the latest international researches are beginning to use 
multiple dimensions of poverty measurement (Alkire and Foster, 2011). Poverty, especially in poor rural areas, were 
affected by natural geographical environment greatly. There are a lot of international literature to explore the impact 
of natural geographical environment on economic development and poverty (Gray and Moseley, 2005; Barbier, 
2010; Gallup et al, 1999; Olivia et al, 2011.). 
According to the researches on the spatial distribution of China's rural poverty and the relationship between 
poverty and land, natural geographical environment, after the significant achievement pushed by anti-poverty 
policies and institutions initial, China's rural poverty have been no longer the "surface" of poverty caused by the 
underdeveloped national economy, lack of institutions and policy, instead, now has shown “point-scatted” 
distribution due to special regional environment, backward production conditions and low population quality with 
the long-term efforts. Today, there are still parts of the population in some areas cannot get rid of poverty despite the 
use of a variety of capital operation and anti-poverty measures. Even if economic and social factors, such as 
institutional, policy, capital, education, human resources, were ignored, the effect of natural geography environment 
on poverty, namely natural geographical environment constraints economic development, leading to poverty, is still 
a vital problems cannot be avoided. 
In this paper, spatial statistical analysis and GIS are combined to analyze the patterns and factors of spatial 
poverty distribution. Two indexes representing extend and depth of poverty, poverty headcount ratio(PHR) and the 
per capita net income of poverty population(PCNIPP), were used to analyze spatial poverty distribution based on the 
spatial autocorrelation method. And then their Lisa maps were overlapped to test the relevance of the two indexes. 
The classical linear regression model is simple and rapid to detect the major influencing factors. Previous researches 
adopted traditional statistical methods to conduct quantitative study and modeling on the environmental factors that 
affect poverty. The existence of spatial autocorrelation, however, has denied the basic hypothesis that data are 
independent from each other and always in a normal distribution in the traditional statistic approaches. Thus, when 
the traditional approaches are applied to process the spatial data, it is impossible to identify the spatial independence 
of the data. And several problems may occur. Therefore, appropriate methods need to be introduced in spatial 
statistic analysis. To study the impact of natural geographical environment on poverty and the existence of spatial 
autocorrelation, this paper compared classical linear regression model, spatial lag model (SLM) and spatial error 
model (SEM), in terms of their explanatory power and applicability. 
2. Study area and data 
Xianfeng County (N 29 ° 19'28 " ~30 ° 2'54", E 108 ° 37 '8 " ~109 ° 20'8"),was taken as the case study area, a key 
country from one of the fourteen national contiguous special poverty-stricken areas in china, known as Wuling 
Mountain area. As shown in Figure 1, Xianfeng was located in the Enshi Autonomous Prefecture of Hubei, and was 
bordering to Hunan, Guizhou provinces, as well as Chongqing municipality. The County covers an area of 2550km2, 
and a complex topography with an average elevation of 800 meters. South and North part of the county were 
relatively high hilly areas, whereas, the middle part was plain with low elevation. The county had under its 
jurisdiction 11 townships, which were divided into 263 administrative villages with a total population of 36.4 
million. GDP in 2009 was CNY 2.741 billion and the GDP per capita CNY 9214, whereas per capita net income of 
farmers was about CNY 2806. The agriculture takes 38.7% of the total volume, the industry 22.9%, and service 
sector 38.4%respectively. 
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Data materials used in this study included: (1) GDEM data with a resolution of 30m (obtained from 
http://www.gscloud.cn, which is a mirror website for international scientific data located at Computer network 
information center, Chinese academy of sciences.); (2) 1:250,000 river map, (obtained from national basic 
geographic database); (3) Road layer, including national highway, provincial highway, county road and village road, 
(obtained from Traffic Bureau of Xianfeng County);(4)Poverty data(obtained from Poverty Alleviation and 
Development Bureau of Xianfeng County ). 
 
Fig. 1.The location of Xianfeng County. 
3. Methods 
3.1. Spatial pattern analysis of poverty 
Global Autocorrelation analysis is often used to determine whether the variables present spatial autocorrelation. 
Moran’s Iwas used to identify global autocorrelationin this study. The derivation of Moran’s I is given in Eq.(1): 
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Where n is the number of spatial units indexed by i and j; xi andxj are the values of the variable x in the two 
adjacent paired spatial units (or grid cells); x means the mean of x; Wij refers to the element in the matrix of spatial 
weight W in crossed-product statistics. The weight can be based on contiguity relations or distance, to show the 
similarity of the positions of spatial objects. 
Moran’s I can illustrate the similarity between the attribute values of the contiguous or neighboring regional 
units. As usual, it is interpreted as a coefficient of correlation in the value range of [-1, 1]. At the given significance 
level, the positive significance of Moran’s I indicates the obvious positive autocorrelation among the observed data: 
the higher values tend to cluster together, and so do the lower values, performing a concentrated distribution. While 
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the negative significance shows the noticeable negative autocorrelation among the observed data: the higher and 
lower values tend to cluster together in a scattered distribution. As the Moran’s I approaches the expected value 
(which approaches zero along with the increase in the number of samples), the spatial autocorrelation disappears, 
and the observed values are randomly distributed in space. 
Local spatial autocorrelation (Local Indicators of Spatial Association, LISA) analysis was used to determine the 
local spatial autocorrelation characteristics of the variables. Relative to the global spatial autocorrelation, the sense 
of local correlation analysis lies in: ķ when there is no global spatial autocorrelation, local spatial autocorrelation 
helps to seek concealed position of local spatial autocorrelation; ĸ when there is global spatial autocorrelation , 
local spatial autocorrelation helps to explore the existence of spatial heterogeneity; Ĺlocal spatial autocorrelation 
helps to determine the location of spatial outliers or influential point; ĺlocal spatial autocorrelation helps to position 
where local autocorrelation is inconsistent with global spatial autocorrelation. For example, when the global spatial 
autocorrelation analysis conclusion is positive, it is interested for researchers to analyze the possibility of existence 
of a small amount of negative local spatial autocorrelation. Local Moran's I is calculated as Eq. (2), with the 
meaning of the variables in equation (1): 
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The definition of variables in Eq.(2) are the same as that in Eq.(1). 
Since each spatial location has its own local spatial autocorrelation statistical value, it is possible to show spatial 
autocorrelation by a significance figure or aggregation map. This is the advantage of local spatial autocorrelation 
analysis In this paper, LISA maps were used to analyze local poverty headcount ratio(PHR) and per capita net 
income of poverty population(PCNIPP) of all administrative villages to determine the local spatial variations with a 
distance weight determined by global autocorrelation. These locally auto-correlated areas are the focus of national 
anti-poverty projects. 
3.2. The spatial autoregressive model 
Anselin proposed the general form of spatial autoregressive model in spatial quantitative analysis as expressed by 
[14]: 
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Whereȕis the parameter vector˄ k×1˅ related to the exogenous (explanatory) variableX(n×k); ȡ is the 
coefficient to the spatial lag W1y; andȜ is the coefficient to the spatial autoregressive structure W2İof the 
disturbanceH . W1(n×n)and W2(n×n) are respectively related to the spatial autoregressive process of the dependent 
variable and that of the disturbanceH . They may be the row standardized matrixes, the binary matrixes or other 
nonstandard matrixes. Eq.(3) deals with the spatial processes with different spatial structures. This model has 
unknown parameters [14] as many as 3+k+P in the following vector forms: 
2[ , , , , ]T U E O V Dc c c                                                                                                                                       (4) 
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When some sub-vectors of the parameter vector are set as 0 Eq.(4), several common structures of spatial models 
can be achieved. Each of the following conditions corresponds to one of the four traditional spatial autoregressive 
models mentioned in previous literature (Anselin, 1980; Anselin, 1988; Hordijk, 1979). 
In order to explore the impact of natural geographical environment on economic development and poverty, the 
factors as shown table 1 were selcted:1) the topographic factor, such as altitude and slope,2) the factor about water 
resource, namely, the distance to the nearest river, 3) the location factors, such as distance to county center and 
distance to nearest town 4) the factor of accessibility, which was weighted calculated by the distances to the nearest 
national highway, provincial highway, county road and village road, and 5) the factors about land resource, 
including Per capita arable land and Per capita orchard land. 
Table 1.The selected variables ofregression analysis for poverty in Xianfeng 
Factor variable unit
water resource distance to the nearest river m
location distance to county centre m
 distance to nearest town m
accessibility transportation accessibility Ͳ
topography slope e
 altitude m
land recourse Per capita arable land ha
 Per capita orchard land ha
4. Result 
4.1. Results of global spatial autocorrelation 
In this paper, Global Moran's I for PHR and PCNIPP was calculated based on the distance from 0.5km to 10km 
with 0.5km interval. The results were shown in Table2. At the 0.5km level, 261 administrative villages had no 
neighboring villages within 0.5km, with a no significant result. From 2 to10km distance, the value of Global 
Moran's I are all positive, with p-values all less than 0.001. This result denied the null hypothesis that the spatial 
distribution of PHR and PCNIPP is random, and confirmed the fact that PHR and PCNIPP exhibited a very 
significant spatial aggregation trend, namely, a significant positive autocorrelation. At the 1.5km distance level, 
Moran's I reached a maximum. Beyond 1.5km, Moran's I decreased with the increasing of distance, indicating that at 
1.5m distance level, the strongest positive autocorrelation was reached. At and above 6km distance level, the 
number of no neighboring villages is zero, and global Moran’s I was 0.233, indicating that there was more than 1 
neighboring villages. However, the global Moran's I could not determine the specific location of PHR and PCNIPP 
of the neighboring villages; neither could it illustrate the HH (high-high) or LL (low-low) aggregation 
characteristics of these neighboring villages. 
Table 2.Global Moran’s I value and significance test of occurrence at multi-scale  
Distance
Number of no
 neighboring villages
EI
Poverty headcount ratio Per capita net income of poverty population
Moran’s I V Z p  Moran’s I V Z p 
500 261 -0.004  -0.026  0.988  -0.023  0.982   -0.143  0.994  -0.140  0.889  
1000 229 -0.004  0.400  0.061  1.636  0.102   0.447  0.061  1.822  0.068  
1500 181 -0.004  0.415  0.022  2.843  0.004   0.307  0.022  2.105  0.035  
2000 89 -0.004  0.376  0.009  4.092  0.000   0.307  0.009  3.341  0.001  
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2500 44 -0.004  0.366  0.005  5.036  0.000   0.340  0.005  4.669  0.000  
3000 22 -0.004  0.358  0.004  5.858  0.000   0.304  0.004  4.971  0.000  
3500 10 -0.004  0.346  0.003  6.892  0.000   0.274  0.003  5.463  0.000  
4000 7 -0.004  0.304  0.002  7.025  0.000   0.284  0.002  6.537  0.000  
4500 4 -0.004  0.281  0.002  7.184  0.000   0.273  0.002  6.954  0.000  
5000 3 -0.004  0.248  0.001  7.036  0.000   0.255  0.001  7.202  0.000  
5500 2 -0.004  0.233  0.001  7.213  0.000   0.258  0.001  7.943  0.000  
6000 0 -0.004  0.212  0.001  7.144  0.000   0.252  0.001  8.442  0.000  
6500 0 -0.004  0.196  0.001  7.087  0.000   0.243  0.001  8.749  0.000  
7000 0 -0.004  0.183  0.001  7.017  0.000   0.236  0.001  8.997  0.000  
7500 0 -0.004  0.171  0.001  6.989  0.000   0.226  0.001  9.174  0.000  
8000 0 -0.004  0.156  0.001  6.782  0.000   0.209  0.001  9.018  0.000  
8500 0 -0.004  0.150  0.001  6.863  0.000   0.204  0.001  9.253  0.000  
9000 0 -0.004  0.147  0.000  7.056  0.000   0.198  0.000  9.452  0.000  
9500 0 -0.004  0.139  0.000  7.001  0.000   0.195  0.000  9.723  0.000  
10000 0 -0.004  0.133  0.000  7.010  0.000   0.191  0.000  9.924  0.000  
4.2.Results of local spatial autocorrelation 
As illustratedin Section 4.2, villages had neighboring villages at and above 6km distance level. Therefore, 
location indicator of spatial autocorrelation (LISA) map was produced at 6km level, as shown in Figure 2.  
The LISA maps in Figure 2 showed that insignificant autocorrelation of PHR appears at 217 villages, which 
included all villages of Huolongping and Zhongbao, as well as some villages of other townships. This result meant 
that the PHR in these 217 villages were insignificantly different with their neighboring villages. Villages that had 
significant spatial aggregation were located inGaoleshan, Jianshan, Xiaocun, Huangjindong, and Daluba t, among 
which, all 14 LL aggregation villages all distributed in Gaoleshan and its neighboring town, Qingping townˈtaking 
up 5.32% of all the villages. This LL aggregation indicated low PHR in these villages and their neighbor; all 24 HH 
aggregation villages were located in Jianshang, Xiaocun, Daluba District and Huangjindong, taking up 9.13% of all 
the villages. This HH aggregation indicated high PHR in these villages and their neighbor, and also low significance 
in spatial difference. The HH aggregation areas should be the focus of governmental “poverty alleviation” project. 
There were 8 spatially isolated villages, four of which presented LH aggregation, while another four HL 
aggregation.  The LH aggregation situation demonstrated the low PHR of a village with high PHR of neighboring 
villages, i.e. a poverty “cold spot” of PHR. These “cold spots” could be taken as role models for their low PHR in 
the similar physical context, and were suggested for further digging on how they managed to keep less poor and 
unaffected by its neighboring poverty. The other four HL aggregation villages, on the other hand, indicated that the 
village itself had high PHR, while the PHR of its neighboring villages was low, making the center village a “hot 
spot” of poverty. These “hot spots” of poverty desired further analysis on the reason of extreme higher PHR in the 
similar physical context with their neighboring villages and desired further anti-poverty measures. 
The villages where PCNIPP were insignificantly correlated amounted to 211 included all the villages in Daluba 
district, Huangjintong, Dingzhai, Zhongbao, as well as some villages in other towns. The insignificance of spatial 
autocorrelation indicated that the PCNIPP of these 211 villages were not significantly varied over space. The 
villages which were significantly aggregated over space mainly located in Huolongping, Jianshan, Xiaocun and 
Qingping. Among these spatially aggregated villages, 27 presented LL aggregation and appeared in Huolongping 
and Qingping, taking up 10.23%; 20 presented HH aggregation, taking up 7.57%, located in Jianshan, Xiaocun and 
Gaoleshan. The LL aggregation of the27 villages indicated very low PCNIPP in both these villages and their 
neighbouring villages, whereas, the 20 HH aggregated villages indicated relatively high PCNIPP in both these 
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villages and their neighboring villages. There were also 5 isolated villages, among which, three of them were LH 
aggregated and two were HL aggregated. The three LH aggregated villages meant that their own PCNIPP were low, 
yet having high PCNIPP neighbours; the two HL aggregated villages exhibited that their own PCNIPP were high, 
while their neighbouring villages were poor. 
a b 
Fig. 2. (a)LISA cluster maps of poverty headcount ratio (b)LISA cluster maps ofper capita net income of poverty population 
4.3.3 The impact of natural geographical environment on poverty 
Table 3 shows the measure of fit, coefficient estimate, and associated probability of the classical linear regression 
model, SLM and SEM for PHR at the distance of 6km. In these models, only the factor, per capita orchard land, is 
significant. Per capita orchard land is positive driving factors. The LIK (or AIC, or SC) indicator may be used to 
compare the goodness-of-fit of different models. The LIK values for both the SLM and SEM are larger than that of 
the classical linear regression model, which proves that the goodness-of-it in the spatial autoregressive models is 
better than that of the classical model. If the weight matrix is a row standardized one, ȡ can be explained as the 
percentage of the contribution of the spatial factors to the predicted result. This implies that the PHR is under the 
influences not only from the significant factor, namely, Per capita orchard land ,but also from the strong positive 
from neighboring spaces (the influence coefficient: 0.3024 or 0.3061 ). 
Table 3.The model parameters of different models for poverty headcount ratio in Xianfeng 
 Linear model Spatial lag model Spatial error model 
pseudo R2 - 0.1620  0.1611  
LIK -1021.4400  -1017.6900  -1017.8656  
AIC 2060.8800  2055.3900  2053.7300  
SC 2093.0300  2091.1100  2085.8805  
Variable Coefficient Probability Coefficient Probability Coefficient Probability 
ȡ(Ȝ) - - 0.3024 0.0033 0.3061 0.0044 
constant 19.8176 0.0499 13.9460 0.1629 23.3534 0.0587 
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Per capita arable land -0.1850 0.9166 -0.8878 0.6019 -1.5995 0.3663 
Per capita orchard land 0.3545 0.0021 0.3302 0.0028 0.3519 0.0014 
distance to county centre 0.0002 0.0955 0.0001 0.3339 0.0002 0.2458 
distance to nearest town 0.0003 0.1873 0.0002 0.3389 0.0003 0.2548 
altitude 0.0026 0.6424 0.0018 0.7410 0.0022 0.7201 
slope 0.3167 0.1634 0.2738 0.2113 0.3256 0.1485 
distance to the nearest river 0.0007 0.3107 0.0008 0.2116 0.0008 0.2666 
transportation accessibility 3.3213 0.3213 1.9981 0.5371 2.4520 0.5692 
 
Table 4 shows the measure of fit, coefficient estimate, and associated probability of the classical linear regression 
model, SLM and SEM for PCNIPP at the distance of 6km. In these models, only the factor, distance to nearest town, 
is significant. Distance to nearest town is positive driving factors. Comprising the LIK values of these models, both 
the SLM and SEM are larger than that of the classical linear regression model, which proves that the goodness-of-it 
in the spatial autoregressive models is better than that of the classical model. PCNIPP is under the influences not 
only from Distance to nearest town, but also from the strong positive from neighboring spaces (the influence 
coefficient: 0.4943 or 0.5228). 
Table 4.The model parameters of different models for per capita net income of poverty population in Xianfeng 
 Linear model Spatial lag model Spatial error model 
pseudo R2 - 0.2059  0.2128  
LIK -1742.9800  -1729.6600  -1729.1152  
AIC 3503.9600  3479.3200  3476.2300  
SC 3536.1100  3515.0400  3508.3798  
Variable Coefficient Probability Coefficient Probability Coefficient Probability 
ȡ(Ȝ) - - 0.4943  0.0000  0.5228  0.0000  
constant 1961.0210  0.0000  943.6110  0.0000  1958.7780  0.0000  
Per capita arable land -29.1928  0.2884  -30.0349  0.2338  -31.2617  0.2387  
Per capita orchard land -0.9915  0.5768  -1.3580  0.4051  -1.4498  0.3628  
distance to county centre -0.0028  0.0926  -0.0016  0.2910  -0.0030  0.2928  
distance to nearest town 0.0113  0.0044  0.0075  0.0435  0.0098  0.0578  
altitude 0.0296  0.7374  0.0224  0.7819  0.0270  0.7863  
slope 5.2553  0.1368  5.4505  0.0922  5.6004  0.0978  
distance to the nearest river 0.0030  0.7785  0.0073  0.4496  0.0144  0.2079  
transportation accessibility 46.9473  0.3669  27.1130  0.5709  48.8575  0.5615  
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